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Abstract. Environmental Sound Classification (ESC) faces significant 
challenges related to data scarcity and the variability of unstructured acoustic 
signals. This study evaluates the effectiveness of a Visual Transfer Learning 
approach by converting audio signals into Mel-Spectrogram representations for 
classification using Computer Vision architectures. A comparative study was 
conducted on the ESC-50 dataset, comparing visual-based models (EfficientNet-
B0, ResNet-50) with specialized audio models (Pre-trained Audio Neural 
Networks/PANNs). Experimental results show that EfficientNet-B0, optimized 
with MixUp augmentation, achieves the highest performance with an accuracy 
of 83.33% and an F1-Score of 83.50%. These results outperform ResNet-50 
(80.00%) and significantly surpass the PANNs model (Cnn14), which only 
achieves 66.33%. The poor performance of PANNs indicates an issue of over-
parameterization on small-scale datasets. Further validation using Gradient-
weighted Class Activation Mapping (Grad-CAM) confirmed that the 
EfficientNet-B0 model is capable of precisely learning semantic features by 
distinguishing active sound patterns from silence and background noise. These 
findings confirm that lightweight visual architectures possess highly competitive 
transferability and generalization potential compared to massive audio models in 
the limited-data scenarios tested in this study. 
 
Keywords: Environmental Sound Classification, EfficientNet-B0, Visual 
Transfer Learning, Grad-CAM, ESC-50. 
 

 

1 Introduction  
Sound is one of the largest information modalities in the human environment 

besides visual. Over the past decade, voice recognition technology has developed 
rapidly, transforming from mere speech recognition into a broader understanding of the 
acoustic environment, known as Environmental Sound Classification (ESC). This 
technology plays a vital role in the development of smart cities, automated security 
surveillance systems, biodiversity monitoring, and assistive tools for the hearing-
impaired [1], [2]. 

Unlike human speech signals, which have a regular phoneme structure, 
environmental sounds are unstructured, vary in duration, and often overlap with 
background noise [3]. Standard datasets such as ESC-50, which contains 50 classes of 
environmental sounds, present their own challenges due to limited data (only 2,000 
audio clips) and high intra-class variability, which can hinder the model's ability to 
capture the full complexity of environmental sounds [4], [5]. Conventional approaches 
that rely on hand-crafted features such as Zero Crossing Rate (ZCR) or simple statistical 
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features have proven inadequate for capturing the complexity of intricate environmental 
patterns [6], [7]. 

One of the main debates in this domain is the selection of feature extraction 
techniques. Mel Frequency Cepstral Coefficients (MFCC) have long been the gold 
standard in speech recognition. MFCC works by decorrelating the signal, which often 
results in the loss of spatial information that is important for deep learning models that 
rely on spatial features for accurate predictions [8]. On the other hand, Log-Mel 
Spectrogram offers a richer time-frequency visual representation, which allows the use 
of Convolutional Neural Networks (CNN) architecture to treat sound signals as digital 
images [9]. 

The next biggest challenge is the risk of overfitting on limited datasets. Several 
previous studies have offered solutions, but they have limitations. Mushtaq and Su 
proposed a CNN architecture built from scratch with conventional data augmentation 
[4]. Although it achieved good accuracy, this approach requires computationally 
intensive training of the model from scratch. On the other hand, the Transfer Learning 
strategy using the VGGish and YAMnet models has been applied in previous studies 
[10]. Although effective, VGG models tend to have very large and heavy parameters, 
making them less efficient for implementation in systems with limited resources [11]. 
There have been few studies exploring the balance between model efficiency, resistance 
to overfitting, and high curation using lighter modern architectures. 

Therefore, the main novelty of this research lies in the integration of the 
EfficientNet-B0 architecture, which is known for its high parameter efficiency, with 
advanced data augmentation strategies, namely MixUp and SpecAugment. MixUp 
works by linearly mixing two audio signals and their labels, forcing the model to learn 
from inter-class uncertainty, an approach that has not been optimally applied in 
previous ESC-50 research. This strategy ensures data diversity and label fidelity by 
creating convex combinations of samples, effectively smoothing the decision 
boundaries. This innovation aims to maximize model generalization on limited data 
without overloading computational resources. 

Finally, the main weakness of Deep Learning models is their black box nature. 
High accuracy without understanding what features the model has learned often casts 
doubt on the validity of the system [12]. Therefore, this study not only focuses on 
accuracy metrics, but also integrates interpretability analysis using Grad-CAM 
(Gradient-weighted Class Activation Mapping). This aims to visualize the spectral 
areas that are the focus of the model's attention, so that it can be ensured that the model 
performs classification based on relevant voice features, not based on noise or data 
artifacts [13]. 

The primary scientific contribution of this study lies in a critical analysis of the 
domain gap and parameter efficiency phenomena in cross-domain transfer learning. 
Unlike conventional comparative studies, this research investigates the extent to which 
the inductive bias of computer vision architectures pre-trained on ImageNet can 
generalize to non-object acoustic features. Our findings provide empirical evidence that 
for small-scale datasets such as ESC-50, the deployment of massive audio-native 
models (e.g., PANNs) tends to induce over-parameterization [14] that hinders 
convergence, a phenomenon closely linked to the generalization gap observed in high-
capacity models when applied to sparse data environments [15]. Conversely, 
lightweight visual architectures offer superior regularization and higher feature 
extraction efficiency, representing a more balanced model parsimony. This study 
provides a robust methodological framework for developing environmental sound 
classification systems specifically tailored for resource-constrained edge devices, while 
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addressing the critical trade-off between model complexity and performance 
 

2 Method  
 
2.1 Dataset and Preprocessing 

The study utilizes the ESC-50 dataset [16]  as the primary benchmark. Chosen 
for its high class variability and inherent data scarcity, it serves as an ideal testbed for 
evaluating model generalization under constrained conditions. The dataset comprises 
2,000 environmental audio clips (5 seconds each) strictly balanced into 50 semantic 
classes (exactly 40 samples per class) under five major macro-categories: animals, 
natural soundscapes, human non-speech sounds, interior/domestic sounds, and 
exterior/urban noises. 

In the pre-processing stage, all audio clips were uniformly resampled to 32 kHz. 
This specific rate was selected based on prior studies [14], o offer an optimal trade-off 
between computational efficiency and spectral fidelity. According to the Nyquist-
Shannon sampling theorem, this rate effectively captures frequencies up to 16 kHz, 
which encompasses the dominant acoustic energy of most environmental sounds while 
filtering out unnecessary ultra-high-frequency noise. Following resampling, strict 
linear amplitude normalization was applied to scale the temporal signals to the [-1, 1] 
range, ensuring input stability and preventing gradient explosion during the initial 
training phases [4]. 

To ensure robust and unbiased evaluation, the dataset was partitioned using 
stratified random sampling into three independent, non-overlapping subsets: Training 
(70%, 1,400 samples), Validation (15%, 300 samples), and Testing (15%, 300 
samples). This stratification strategy maintains a perfectly balanced class distribution, 
allocating exactly 28 training, 6 validation, and 6 testing samples per class. Explicitly 
defining this constrained allocation relying on only 28 training samples per category is 
crucial, as it establishes the strict low-data regime that rigorously tests the models' 
susceptibility to over-parameterization and fundamentally justifies the necessity of the 
heuristic augmentation strategies applied in subsequent phases [17].  
 
2.2 Feature Extraction and Spectral Representation 

Given that raw audio signals inherently possess high dimensionality and large 

stochastic variability, transformation into the frequency domain is an imperative step 

to expose informative acoustic patterns [18]. The feature extraction process in this study 

initiates with the Short-Time Fourier Transform (STFT) to convert one-dimensional 

time-domain signals into two-dimensional time-frequency representations. Audio 

signals, resampled at 32 kHz, are segmented into short frames using a window size of 

1024 samples (equivalent to 32 ms) with an inter-frame hop length of 320 samples (10 

ms). To mitigate spectral leakage artifacts at inter-frame discontinuities, a Hann 

window function is systematically applied to each segment prior to the Fourier 

transform. 

In determining the optimal spectral representation, this study evaluates Mel-

Frequency Cepstral Coefficients (MFCC) as a baseline against the Log-Mel 

Spectrogram. Although MFCC utilizing the first 13 coefficients is highly efficient for 

concisely representing the spectral envelope in human speech, its reliance on the 

Discrete Cosine Transform (DCT) inherently decorrelates filterbank energies. 

Consequently, this process violently smooths out high-frequency harmonic details and 

fine-grained acoustic textures that contain crucial discriminative information for non-

verbal environmental sounds. Therefore, the Log-Mel Spectrogram is established as the 
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primary input feature. By preserving the rich spectro-temporal structural integrity, it 

effectively bridges the domain gap, allowing acoustic data to be processed utilizing the 

robust spatial inductive biases of visual Convolutional Neural Networks (CNNs)  [19], 

[20]. 

To generate this representation, the magnitude spectrum of the STFT is mapped 

onto the Mel scale utilizing a strictly defined filterbank of 64 Mel bins. This specific 

dimensionality is strategically chosen to seamlessly align the input tensor with the 

architectural requirements of the pre-trained PANNs (Cnn14) model. The Mel scale 

mathematically approximates the non-linear pitch resolution of human auditory 

perception, applying the following standard conversion formula: 𝑚 = 2595log10⁡ (1+ ݂700) 
(1) 

 
Where ݂ represents the frequency in Hertz and $m$ is the corresponding Mel 

frequency. To strictly enforce data quality prior to any augmentation or training phase, 
the frequency range is rigorously band-pass filtered. A lower bound of 50 Hz and an 
upper bound of 14,000 Hz are applied to eliminate sub-audible mechanical noise and 
irrelevant high-frequency artifacts, respectively. Finally, logarithmic scaling is applied 
to the spectrogram amplitude, converting the power units into a decibel (dB) scale. This 
operation not only mimics human logarithmic loudness perception but also ensures 
numerical stability, ultimately producing a standardized 2-dimensional feature matrix 
of size (ܶ × 64)⁡ready for network ingestion. 

 

2.3 Data Augmentation Strategy 

A fundamental challenge in training Deep Learning models on datasets with 
limited variability, such as ESC-50, is the risk of overfitting [21], where models tend to 
memorize specific noise patterns in the training data and fail to generalize to unseen 
data. To mitigate this risk and ensure strict methodological rigor, this study formulates 
a stochastic, on-the-fly data augmentation strategy meticulously designed to fulfill four 
critical criteria: data quality, diversity, privacy preservation, and label fidelity. This 
robust approach utilizes a synergistic combination of two techniques: SpecAugment 
and MixUp. 

The first method, SpecAugment, is applied directly to the Log-Mel Spectrogram 
representation without altering the temporal duration of the audio. This technique 
functions as a regularization mechanism by randomly removing partial information 
through two masking schemes [22]. Frequency Masking, which covers a frequency 
band of width⁡݂ taken from a uniform distribution [0,  ⁡and Time Masking, which,[ܨ
covers a time segment of width ݐ⁡from a uniform distribution[0, ܶ]. Procedurally, this 
mechanism guarantees high data diversity by simulating real-world acoustic occlusions 
and sensor variations, forcing the model to reconstruct incomplete representations 
rather than over-relying on dominant frequency peaks. Furthermore, operating purely 
within the spectral domain maintains strict data quality, as it preserves the fundamental 
harmonic structures of the environmental sounds without introducing the destructive, 
non-semantic noise artifacts commonly associated with aggressive raw waveform 
manipulations. 

As a complementary strategy to refine the decision boundary between classes, 
this study implements the MixUp technique. Unlike conventional additive noise 
methods, MixUp works by synthesizing new samples through the convex combination 
of two randomly drawn audio samples⁡(ݔ௜,  ௝) and their corresponding one-hot encodedݔ

labels (ݕ௜ ,  ௝)⁡[23] . The mathematical formulation for this mixing process is defined asݕ
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follows: 
~ݔ  = ௜ݔߣ + (1 − ௝ݔ(ߣ  

~ݕ (2) = ௜ݕߣ + (1 −  ௝ݕ(ߣ

 
where  ߣ is the mixing coefficient drawn from a Beta distribution, ߣ ∼ Beta(ߙ, (ߙ . This protocol inherently ensures privacy preservation by strictly 

relying on internal data recombination; it maximizes the utility of the existing ESC-50 
dataset without the risks associated with scraping external data or utilizing pre-trained 
generative models that may leak sensitive external audio. Simultaneously, the 
mathematical interpolation of the labels alongside the input signals guarantees absolute 
label fidelity. The synthetic samples remain perfectly aligned with their semantic 
boundaries, teaching the model to understand probabilistic transitions rather than rigid 
binary limits. This is particularly relevant for environmental sound classification, where 
acoustic superposition such as rain mixing with wind is a natural, highly faithful 
representation of the real world. 

 

2.4 Model Design and Implementation 
To systematically investigate the efficacy of cross-domain knowledge transfer, 

this study formulates an experimental design evaluating four distinct CNN 
architectures. These models were strategically selected to represent the dichotomy 
between training from scratch versus transfer learning across both Visual and Audio 
domains. 

First, a Custom CNN serves as the lightweight baseline, trained entirely from 
scratch. It consists of four sequential convolutional blocks (Conv2D, BatchNorm, 
ReLU, MaxPooling) with a Dropout layer (0.3) applied before the fully connected 
classifier. This configuration is specifically designed to mitigate overfitting on the 
small-scale ESC-50 dataset while establishing a baseline for topological feature 
compatibility. 

Second, Visual Transfer Learning is assessed using ImageNet-pretrained 
ResNet-50 and EfficientNet-B0 to examine the adaptability of visual inductive biases 
on acoustic spectrograms. While ResNet-50 relies on deep residual learning with skip 
connections to effectively prevent vanishing gradients in deep networks [24], 
EfficientNet-B0 employs a principled Compound Scaling mechanism  [25]. This 
scaling method uniformly balances network depth, width, and resolution, providing a 
superior balance of representational power and model parsimony (requiring only ~5 
million parameters compared to ResNet-50's ~25 million). Due to this architectural 
efficiency, EfficientNet-B0 was designated as the focal backbone for the subsequent 
multi-level augmentation ablation study (SpecAugment and MixUp). 

Finally, PANNs (Cnn14) is implemented to represent the native Audio Domain 
[14]. Pre-trained on the massive AudioSet (comprising over 2 million clips), this VGG-
based architecture is highly parameterized (containing ~81 million parameters). It is 
strategically included as a benchmark to determine whether native audio-learned 
features provide a definitive discriminative advantage, or if its massive capacity 
inherently induces over-parameterization when fine-tuned on the strictly constrained 
ESC-50 dataset. 

       
2.5    Experiment Configuration and Performance Evaluation 

The experiment was implemented using the PyTorch framework and the Librosa 
library on a CUDA-enabled GPU. The training process used the Adam optimizer [26] 
with an initial learning rate of 1 × 10−4for a maximum of 50 epochs, and applied an 
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Early Stopping mechanism to prevent overfitting. Due to hardware limitations, a 
Gradient Accumulation strategy (physical batch size: 4, accumulation steps: 8) was 
applied to achieve an effective batch size of 32. 

To ensure the reproducibility of the experiments, this study used a fixed random 
seed throughout the entire process of model weight initialization and data splitting. 
Each test scenario was run three times, and the results reported in this study represent 
the average of those iterations to ensure the stability of performance and the validity of 
the findings. 

In the MixUp augmentation scheme, the standard categorical cross-entropy loss 
function is modified into a linear combination of the target labels to accommodate 
probabilistic mixing, as defined in Equation (3): ܮ௠௜௫ = ߣ ⋅ ,݌)ܮ (௜ݕ + (1 − (ߣ ⋅ ,݌)ܮ  ௝) (3)ݕ

 
Where L denotes the standard Cross-Entropy function, p is the prediction 

distribution, ݕ௜  and ݕ௝  are the original labels, and ߣ  is the mixing coefficient. 

Performance evaluation relies on Accuracy, Precision, Recall, and F1-Score. Given the 
balanced nature of ESC-50, the Macro-averaged F1-Score serves as the primary metric 
to ensure unbiased evaluation [27], calculated as: 1ܨ = 2 ⋅ ܲ ⋅ ܴܲ + ܴ 

(4) 

 
Furthermore, qualitative validation employs Confusion Matrix to map error 

distributions and Grad-CAM  [28]. to interpret model decisions ("Black Box"). Grad-
CAM generates heatmaps highlighting crucial spectral regions based on the gradient of 
the target score (yc) with respect to feature maps (Ak): ீܮ௥௔ௗ−஼஺ெ௖ = ܷܮܴ݁ (∑ ௞௞ܣ௞௖ߙ ) 

(5) 

 

3    Results and Discussion 
3.1 The Influence of Feature Representation on Baseline Models  

The initial stage of the experiment was dedicated to evaluating the crucial impact 

of feature representation selection on classification effectiveness. Using an identical 

Custom CNN architecture as a control variable, two fundamentally different types of 

acoustic features were tested: (1) Mel-Frequency Cepstral Coefficients (MFCC), which 

represent cepstral-based compressed features, and (2) Log-Mel Spectrogram, which 

preserves the holistic time-frequency structure. The main objective of this comparison 

is to validate which feature has the most optimal topological compatibility for 

processing by a convolutional neural network (CNN). 

A summary of the quantitative performance of both features on the test data is 

presented in detail in Table 1.  

 
Table 1. Comparison of Classification Performance between MFCC and Log-Mel 

Spectrogram Features in a Custom CNN Model. 

Input Feature   Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-Score (%) 

MFCC (Baseline) 56.33 63.56 56.33 55.97 
Log-Mel Spectrogram 73.33 79.33 73.33 72.41 

Based on empirical data in Table 1, a significant performance disparity was 

identified between the two approaches. The use of Log-Mel Spectrogram produced an 
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accuracy of 73.33%, recording an absolute advantage of +17% compared to the baseline 

MFCC, which remained stagnant at 56.33%. 

The performance deficit in MFCC can be attributed to the intrinsic nature of the 

algorithm, which involves the Discrete Cosine Transform (DCT) stage. Although 

effective for speech data compression, the DCT process decorrelates the filterbank 

energy and eliminates fine-grained spectral details. However, it is these details that 

contain crucial discriminative information for distinguishing complex environmental 

sound classes. In contrast, the Log-Mel Spectrogram presents data in a 2D matrix 

format that is rich in texture and harmonic patterns. Given that the CNN architecture 

essentially functions as a visual feature extractor that relies on spatial correlation, the 

model is able to exploit the wealth of information in the spectrogram to distinguish 

sound classes with much higher precision. Based on these findings, the Log-Mel 

Spectrogram was established as the standard input for all subsequent experiments. 

The superiority of Log-Mel representation is not only evident from the final 

score, but also from the dynamics of the learning process visualized in Figure 1. The 

graph compares the stability of validation during 20 training epochs. 

 

Figure 1. Validation Accuracy Dynamics: MFCC vs Log-Mel Spectrogram 

The curve for the Log-Mel Spectrogram (blue line) shows a sharp and consistent 

upward trajectory since the early epochs, even exceeding the 50% accuracy threshold 

in just 4 epochs. This phenomenon indicates that the time-frequency topology structure 

in Log-Mel is highly compatible with the characteristics of local receptive fields in 

CNN convolution filters, enabling the model to learn efficiently. 

In contrast, the MFCC curve (Red Dotted Line) shows high volatility, marked 

by a sawtooth pattern and a drastic performance collapse in the 7th and 17th epochs. 

This indication of gradient instability theoretically confirms that the loss of spatial 

correlation due to DCT compression in MFCC makes it difficult for the model to form 

a robust decision boundary. This graph provides empirical validation that the visual 

spectrogram-based approach (Log-Mel) is far more reliable than the cepstral approach 

(MFCC) in Deep Learning architecture. 

 

3.2 Comparative Evaluation of Cross-Domain Architecture.  

To address the performance limitations of the baseline model, the experiment 

was expanded by evaluating three comparative architectures from two different 

knowledge domains: ResNet-50 and EfficientNet-B0 (representing the 

visual/ImageNet domain of transfer learning), and PANNs Cnn14 (representing the 

audio/AudioSet domain). A comprehensive summary of the comparative performance 
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of all models is presented in Table 2. 

 
Table 2. Comparative Evaluation of Cross-Architecture Classification Performance: Baseline 

Model, Audio-Based (PANNs), and Visual Transfer Learning. 

 

Model Domain Pre-
training 

Est. 
Parameter 

Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-Score 
(%) 

PANNs 
(Cnn14) 

Audio 
(AudioSet) 

±81 Million 66.33 72.23 66.33 65.78 

Custom CNN Scratch (Log-
Mel) 

Lightweight 67.67 70.13 67.67 67.16 

ResNet-50 Visual 
(ImageNet) 

± 25 Million 80.00 82.55 80.00 79.53 

EfficientNet-
B0 

Visual 
(ImageNet) 

±⁡5 Million 82.00 84.43 82.00 82.11 

 

The results in Table 2 show interesting performance dynamics. In the Visual 

Transfer Learning cluster, EfficientNet-B0 (82.00% accuracy) proved to outperform 

ResNet-50 (80.00%). This advantage is attributed to the Compound Scaling mechanism 

and the use of Swish activation in EfficientNet, which is more effective at capturing 

fine spectral features compared to standard deep residual architectures, while also being 

more efficient in parameter usage (±5 million vs. ±25 million). 

 

Figure 2. Comparison of Classification Performance (Accuracy and F1-Score) Across Model 

Architectures: A Comparative Evaluation between Audio Domain (PANNs) and Visual 

Domain (ResNet/EfficientNet) Approaches. 

 

The visualization in Figure 2 highlights the significant performance disparity 

between the two knowledge domains, focusing on the Accuracy and F1-Score metrics 

to highlight the model's generalization capabilities. The bar chart demonstrates the 

dominance of visual transfer learning-based architectures (EfficientNet-B0 and 

ResNet-50), which consistently outperform PANNs models. The height of the bars for 

EfficientNet-B0 reflects the model's stability in maintaining performance balance, 

while the inferior position of PANNs highlights the ineffectiveness of using massive-

capacity models on limited data. The suboptimal results achieved by PANNs (66.33%) 

in this experiment confirm the principle of Occam’s Razor in deep learning, where 
increased model complexity does not necessarily translate to improved generalization, 

particularly in data-constrained environments. As suggested by Fan et al. [21], 

excessive model capacity without proportional data volume can lead the model to 

'memorize' noise rather than learning robust semantic features, thereby widening the 
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generalization gap [27]. Furthermore, although the complete details are presented in 

Table 3, it should be noted that the low F1-score in PANNs (65.78%) is specifically 

triggered by a significant imbalance between Precision and Recall values. This 

indicates internal instability in handling class variability, in contrast to EfficientNet-

B0, which achieves an optimal balance between both metrics by leveraging its more 

efficient inductive bias. 

 

3.3  Ablation Analysis: Effectiveness of Augmentation Strategies 

Following the establishment of EfficientNet-B0 as the most optimal backbone 

architecture, the focus of the experiment shifted to testing data regularization strategies 

to further push the limits of model generalization. An ablation study was conducted in 

stages by integrating two spectral augmentation techniques: SpecAugment, which 

works by randomly masking frequency and time ranges to force the model to learn 

stronger features, and MixUp, a linear interpolation technique that combines two audio 

samples and their labels according to the equation ݔ′ = ௜ݔߣ + (1 −  ௝ to smooth theݔ(ߣ

decision boundary. The incremental performance improvements resulting from the 

integration of these strategies are summarized in Table 3. 

 
Table 3. Impact of Multi-Level Data Augmentation on the Performance of the 

EfficientNet-B0 Model. 

Model Configuration Augmentation Method 
Accuracy 

(%) 
F1-Score 

(%) 
Δ 

Accuracy 

EfficientNet-B0 
(Baseline) 

None 82.00 82.11 – 

EfficientNet-B0 + SpecAugment 82.67 82.85 +0.67% 
EfficientNet-B0 (Final) + SpecAugment + MixUp 83.33 83.50 +1.33% 

 

The empirical data in Table 3 validates that data augmentation interventions 
have a consistent positive impact on model performance trajectories. The 
implementation of SpecAugment provides an initial increase of +0.67%, boosting 
accuracy to 82.67%. This improvement indicates that the masking mechanism, or 
partial concealment of spectral information, effectively prevents the model from relying 
too heavily on dominant frequency features alone, forcing it to reconstruct and 
recognize the spectral context more holistically. Peak performance was then achieved 
when the MixUp technique was integrated, which escalated the final accuracy to 
83.33% with an F1-Score of 83.50%.  

 

Figure 3. Ablation Study: The Gradual Impact of Augmentation Strategies 

MixUp proved crucial in mitigating the risk of over-confidence in the model by 
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introducing synthetic mixed samples, which mathematically forced the model to build 

more linear and smooth inter-class prediction transitions. Thus, the combination of 

EfficientNet-B0 with hybrid augmentation (SpecAugment and MixUp) was established 

as the final configuration that was not only accurate but also highly robust against data 

variability. 

The dynamics of this performance improvement are further visualized in Figure 

3, which presents a summary of the ablation study in a step-wise improvement format. 

This visualization highlights the marginal but significant contribution of each stage of 

intervention. The baseline phase (visualized with gray bars) shows a solid starting point 

at 82.00%, which then escalates in the spectral regularization phase (blue bars) due to 

the application of SpecAugment. The graph peaks in the final generalization phase 

(green bars) with MixUp integration, resulting in a total increase of +1.33% from the 

initial condition. Although numerically moderate, this increase is statistically 

significant given the difficulty of increasing accuracy when the model has reached 

saturation above the 80% threshold. This provides empirical evidence that the applied 

signal manipulation strategy successfully strengthens the model's decision boundaries, 

making it the most robust solution in this series of studies. 

 

3.4 Strategic Discussion on Data Augmentation: Heuristic vs. Generative 

 
Following the recent paradigm shift in data augmentation strategies, as 

comprehensively reviewed by Cui et al. [29], this study acknowledges the burgeoning 
role of Generative AI such as Generative Adversarial Networks (GANs) and 
Variational Autoencoders (VAEs) in synthesizing training samples to alleviate data 
scarcity. However, a critical synthesis of our methodological choices reveals that for 
Environmental Sound Classification (ESC) within a low-data regime like the ESC-50 
dataset, heuristic-based spectral augmentations provide superior methodological rigor 
and feature fidelity compared to purely generative approaches. 

The primary challenge with implementing Generative AI in small-scale acoustic 
datasets is the high risk of mode collapse and the potential introduction of 
"hallucinated" artifacts that do not align with true physical sound propagation. High-
fidelity synthesis requires substantial baseline data to accurately learn the underlying 
data distribution [30]. When trained on sparse datasets, generative models often 
struggle to maintain the semantic integrity of the acoustic signals, producing non-
semantic noise that can degrade the classifier's generalization capabilities. 

In contrast, the heuristic strategies employed in this study directly address these 
vulnerabilities. The implementation of SpecAugment operates through strategic 
structural masking of the time-frequency manifold. This mechanism directly simulates 
acoustic occlusions found in real-world environments without altering the fundamental 
harmonic structure of the signal [31]. Furthermore, the integration of MixUp serves as 
a mathematically grounded form of manifold smoothing. By creating convex 
combinations of audio samples and their corresponding labels, MixUp forces the neural 
network to learn linear transitions between classes, effectively preventing the over-
confidence commonly observed in over-parameterized models [32]. 

This mathematically controlled transition ensures high label fidelity, as the 
augmented samples remain strictly anchored to the original acoustic features rather than 
being stochastically generated. Ultimately, this controlled heuristic strategy maximizes 
information gain while preserving data integrity. This methodological rigor directly 
facilitates the high level of interpretability demonstrated in our Grad-CAM analysis in 
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the subsequent section, proving that the model identifies genuine semantic patterns 
rather than idiosyncratic generative artifacts. 

 
3.5 Error Analysis and Model Interpretability 

As a final validation step to ensure the integrity of the decisions made by the 

model, an in-depth evaluation was conducted on EfficientNet-B0, which had been 

trained using the MixUp Augmentation strategy. This analysis began with an 

examination of the error distribution using a Confusion Matrix on the test set, as 

visualized in Figure 4. 

 

Figure 4. Confusion Matrix showing random error patterns 
 

The visual pattern formed on the matrix shows a strong density concentration on 

the main diagonal line, reflecting a high level of correct predictions (True Positives). 

Conversely, classification errors (misclassification) represented by cells outside the 

main diagonal appear sporadically scattered and do not form a systematic confusion 

cluster pattern in certain class pairs. This phenomenon of random error distribution 

indicates that the model has excellent generalization capabilities and does not suffer 

from specific bias towards certain sound categories, a crucial achievement given the 

high complexity and similarity of features between acoustic classes in the ESC-50 

dataset. 

Next, internal validity was audited using Gradient-weighted Class Activation 

Mapping (Grad-CAM) visualization to ensure that predictions were based on relevant 

semantic features. Figure 5 presents a comparative analysis between correct and 

incorrect predictions. In the case of correct predictions (top row, class 

‘brushing_teeth’), the heatmap shows the model's attention highly localized to the 
active signal area. In fact, in samples with short signal durations (Figure 5 top-right), 

the model intelligently suppresses attention weights in areas of silence, proving that the 

model successfully isolates sound objects from the background. 

Conversely, analysis of misclassification cases (bottom row) reveals the root 

cause of ambiguity. In the ‘door_wood_knock’ sample predicted as ‘fireworks’ (Figure 
6 bottom left), Grad-CAM shows that the model's attention is spread across the entire 

impulsive transient pattern, which does indeed have spectral characteristics similar to 

the sound of fireworks. This confirms that the model's error is not caused by a failure 

to capture features, but rather by the inherent feature overlap between classes in the 

challenging ESC-50 dataset. 
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Figure 5. Grad-CAM visualization showing the model's focus on active sound segments 

(red/yellow) while successfully ignoring background silence (blue), confirming semantic 

learning capability 

4    Conclusion 
This study concludes that the Visual Transfer Learning approach using 

EfficientNet-B0 is a highly competitive solution for environmental sound classification 
with limited data, achieving the highest accuracy of 83.33% among the models 
evaluated in this study. These results surpass the ResNet-50 architecture (80.00%) and 
significantly outperform PANNs audio models (66.33%), which were found to suffer 
from over-parameterization when trained on small-scale datasets. Validation via Grad-
CAM confirms that the model is capable of learning semantic features with precision 
by distinguishing active sound signals from background noise, which simultaneously 
demonstrates the reliability of the spectrogram transformation into the visual domain. 

Although promising results were achieved, this study acknowledges the 
limitations of using the single ESC-50 dataset. As a next step, validation on broader and 
more diverse datasets, such as UrbanSound8K or AudioSet, is highly recommended to 
test the model’s robustness and generalization capabilities on a larger scale. 
Additionally, future research could explore model compression techniques (pruning or 
quantization) to enable the EfficientNet-B0 architecture to be efficiently implemented 
on edge devices (IoT). Finally, testing the model’s resilience in dynamic and noisy 
acoustic environments remains a key priority for validating the system’s performance 
in the real world. 
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